During the past decades, there has been much debate on food security. A variety of indicators have been proposed in order to establish which countriesare in need of improved food security status. The heterogeneity of existing indicators and the lack of consensus on how to compare and rank countries have motivated international organizations to build composite indexes to synthesize the information. The process of building composite indexes involves multiple choices that influence the outcome. Our analysis aims at understanding how relevant and discretional may be the analyst's choice of algorithms to compute composite indexes for food security. To this extent, we have computed several composite indexes for food security by using data provided by the Food and Agricultural Organization, which includes a large set of proxies for food security, as emerged from the Committee on World Food Security Round Table. We compare different methods to impute, homogenize, weight and aggregate data, in order to compute composite indexes and show how relevant are the choices to be made. We show that normalization and weighting are not very crucial decisions, whereas special attention has to be paid in choosing the data imputation and aggregation methods. By commenting on the implications that different measurement choices may have in terms global index, we show that the index construction decisions matter.
Introduction
Food security is a major issue in academic and international debates. Its global impact on economic fundamentals has become a focus of concern (19, 37, 43) . Ensuring food security in developing countries is a global goal (23, 12) . The Food and Agricultural Organization Director- The first FAO SO is to eradicate hunger, food insecurity and malnutrition (14) .
Despite the relevance that food security is gaining over the years, several aspects remain underinvestigated. More importantly, the concept itself of food security is elusive due to vague and excessively broad definitions.Numerous indicators for food security have been proposed (7-8, 11, 18-19, 21-22, 26, 32, 29, 42) , but it is unclear if "these different constructs equally represent the different domains of food security (25) ." Indeed, different indicators may convey different information on food security and should not be considered equivalent (1, 3, (6) (7) . Pinstrup-Andersen (38) suggested that "monitoring of food security should be [further] complemented by anthropometric measurements"; Masset (30) argued that correlations among variables, double counting and the 1 A revised version of the present paper will appear in Food Reviews International. Suggested citation: Santeramo F.G.
(forthcoming 2015) On the composite indicators for food security: decisions matter! Food Reviews International. DOI:10.1080/87559129.2014.961076 2 More information on the Medium Term Plan is available at: http://www.fao.org/docrep/meeting/027/mf490e.pdf quality of data are major limitations in composite indicators; De Muro and Aurino (9) named loss of information and lack of transparency as major limitations of composite indicators. Finally, the methodology to compute food security indicators is not always straightforward.
As pointed during the December 2012 FAO and World Food Programme meeting, "a need has emerged to both systematize and harmonize the way progress can be measured and monitored" in order to expand the coverage of existing information (31) and to improve evidence-based decision-making processes. For instance, the FAO aims at widening the evidence baseby proposing novel metrics to assess the evolution and achievement of SOs 3 . In order to be more transparent and objective while monitoring and evaluating the achievement of SOs, the FAOaims at proposing a newcomposite index for evidence-based learning. Several composite indicators are already in use: the Global Food Security Index (GFSI), the Global Hunger Index (GHI) and the Poverty and Hunger Index (PHI) are emblematic examples (35) .
The process of building a composite index is challenged in many ways: First, the existing evaluations of previous strategic objectives have been misguided by "indicators that were not systematically SMART [Specific, Measurable, Achievable, Relevant and Time-bound] and were often focusing on outputs and activities" (13) .Second, the composite index approach is inherently threatened by the low quality of indicators, often not available in less-developed countries, the infeasibility of desired indicators, the need of harmonization of standards and frameworks. The entire process should "enhance capacities of data users to use information more effectively, and how data are used could even be monitored in order to justify enhancements and to allow for better prioritization. A continuous and joint assessment of data needs, as well as of existing available data, is essential in order to identify gaps and agree on actions to address them" (15) . The 3 More information on the new metrics that measure food security is available at:
http://www.fao.org/fileadmin/templates/ess/global_strategy/GS_High_Level_Meeting/GS2012_EM4_Scorecards_2012 1204.pdf 4 above picture clarifies the challenges for the near future. Constructing a unified framework for food security composite indexes is the first, yet crucial, step to be achieved.
We provide a comparative analysis of different composite indexes, based on a range of selected methodologies (34) (35) . In particular, we go into depth on different methods for data imputation and several techniques to homogenize, weight and aggregate primary data. Our quantitative comparison is intended to guide experts in selecting the proceduresto build composite food security indicators. Empirical and policy implications are provided.
The remainder of the paper explores theoretical aspects of rank-based indicators, presenting the results of our comparative analysis in section 3; conclusive remarks and implications for future researches are provided in the last section.
A toolkit to build food security composite indicators
Indicators to measure food security have been proposed over decades: from narrow measurement on specific variables (e.g., percent of undernourished children, proportion of children who are underweight etc.) to complex indexes aimed at synthesizing the multiple dimensions that characterize food security (e.g., Global Food Security Index, Global Hunger Index etc.). Several classifications have been adopted to organize the indicators. First, indicators of food security may synthesize information at different levels (global, national, household and/or individual); second, indicators may be oriented to one or more dimension of the food security (availability, access, utilization and stability); third, they can be distinguished in static and dynamic indicators (the former take into account only current statistics; the latter summarize time-varying statistics); fourth, they may privilege a particular type of information (proxies associated with the status of food security, with the processes or interventions implemented to target food security or with the determinants or sources of risks associated with food security).
The indicators should be constructed in such a way that they satisfy a range of desirable properties. They should be based on weak assumption, in that the stronger the assumptions, the weaker the credibility of the indicators (28) ; they should rely on solid conceptual and theoretical frameworks; indicators should be rapidly available and easy to be interpreted. Moreover, indicators should be robust to changes in parameters as well as to measurement errors and have a right balance of stability and sensitivity (36) . Institutions should also be aware that the costs to collect information might be a critical aspect. Chambers (5) suggested to collect only data strictly needed (optimal ignorance) and to measure the phenomenon at the required level of precision (appropriate imprecision).
A further challenge is how to synthesize information into a single (composite) index. In general, constructing a composite index involves several steps, from the definition of the phenomenon and the selection of information to the imputation of missing information, the homogenization and the aggregation of original indicators into a single index. We review the steps in more detail.
The starting point of any composite indicator has to be the definition of the phenomenon under investigation, and that we aim at measuring. Food security indexes are usually founded on the definition that food and nutrition security exists when all people at all times have physical, social and economic access to sufficient, safe and nutritious food to meet their dietary needs and food preferences for an active and healthy life (4) 4 .
In order to capture the complexity of the phenomenon under analysis, it is important that subgroups (or dimensions) convey different (and possibly unrelated) information. In other terms, the subindexes should be (statistically) independent of each other. Such a nested structure improves the user's understanding of the driving forces behind the composite indicator. It may 4 More information on the Committee on World Food Security's final report can be found at:
ftp://ftp.fao.org/docrep/fao/meeting/018/k7197e.pdf.
also make it easier to determine the relative weights across different factors. This step, as well as the next, should involve experts and stakeholders as much as possible, in order to take into account multiple viewpoints and to increase the robustness of the conceptual framework and set of indicators.
The selection of variables is the second step. Relying on variables of good quality is a major issue for constructing composite indexes. Ideally, variables should be SMART: specific, measurable, accessible, relevant, and timely (15) . The data selection process is somewhat subjective. It usually involves a set of heterogeneous indicators: quantitative (hard) data, qualitative (soft) data collected from surveys or policy reviews and proxies aimed at conveying more information on the phenomenon when specific variables are unavailable. The quality and accuracy of the composite indexes crucially depend on available data and their quality.
The third step consists of imputing missing data. Almost all classic and modern statistical techniques assume (or require) complete data, and the vast majority ofexisting statistical packages default to the least desirable option for dealing with missing data: deletion of the case from the analysis. However, deleting observations is always a loss of information that will affect subsequent analyses and inferences on data (40) . More information on strategies to handle missing data is available at: http://hdl.handle.net/10179/4355. Quoting Dempster and Rubin (10) , the imputation of missing data is one of the most critical steps: "It can lull the user into the (34) : single and multiple imputations. Single imputation methods are easy to handle, but they systematically underestimate the variance of the estimates. For instance, mean imputation distorts relationships between variables by "pulling" estimates of the correlation toward zero (35) . As a rule of thumb, simple methods are preferred if a variable contains less than 5% missing values (27) ; otherwise, other (more complex) approaches should be adopted to impute missing data, in that they use more information that would be ignored in case of deletion or single imputation.
The normalization of indicators, the fourth step, can be pursued in several ways (17, 24) . Ranking observations on their relative performance for the selected indicator is the simplest method, although it is not appropriate for complex indicators, in that a large part of information would be loss. Several alternatives are possible (indicator function, relative distance, rescaling etc.), although each of these techniques may be largely biased by outliers. An interesting alternative is to construct a score function for each indicator that isa mapping from the indicator domain in percentile terms to an ad hoc step function. Intervals in a score function can be numeric or categorical. Analogously to other methods based on relative performance (e.g., ranking), part of the information would be lost during the transformation process. A better method is to standardize data (or compute z-scores). It consists of normalizing the indicators to a common scale,imposing the first two moments respectively equal to zero and one. By collapsing all information to a common scale, the empirical distribution of the data is preserved.
A number of weighting techniques exist, none of which is exempt by a discretionary choice (40) . The most common weighting techniques are derived from statistical models (e.g., unobserved components models) or from participatory methods (e.g., budget allocation, analytic hierarchy processes or conjoint analysis). The choice has to be guided by the theoretical framework underlying the scorecard. For instance, equal weighting implies that indicators (or dimensions) have similar importance. The principal components analysis, or factor analysis, relies on data variability and variables correlation: It aims at explaining the highest variation in the data set using the smallest possible number of (aggregated) factors. No need to say, a necessary condition to apply those methods is that variables must be correlated, and correlation can be estimated. Equal weighting (EW) is the most common approach for composite indicators and scorecards (34) ; however, equal weights are not synonymous with "no weights" or "fair weights". The method implies that all variables have the same importance in the composite index, a very weak assumption. Moreover, EW may induce double-counting bias in hierarchical indexes: The more numerous a subgroup of variables, the higher the weight of the subgroup. Therefore, EW may be assumed when theoretical knowledge or empirical evidence are lacking.
The most common approaches to aggregate indicators and dimensions are the linear aggregation and the geometric aggregation (34) . If linear or geometric aggregations are adopted, weights will reflect trade-offs between indicators. The rational can be examined, borrowing the intuition from the economic theory. In general, the high values of some indicators (or dimensions) compensate
for low values of the other indicators (or dimensions), but the degree of substitutability is imposed by the assumed functional form. Adopting linear aggregation indicators (or dimensions) will beperfect substitutes (29) . On the other hand, the degree of substitutability in geometric aggregation depends on the ratio of the exponents and the level of indicators. A ratio equal to the unity implies an equal contribution of the indicators (or dimensions) to the composite index. Therefore, the difference between linear and geometric aggregation is substantial, and particular attention has to be paid. The compensability is constant in linear models; under a geometric formula, the lower the values of the composite indicators, the lower the compensability.
Let us clarify with an example. If a geometric aggregation is adopted, countries with low scores on one indicator would need a much higher score on the others to improve their ranking. In this case, an efficient strategy to improve the ranking position would be to improve sectors related to the lowest scores. The opposite is true if a linear aggregation is adopted (33) .
A more general aggregation formula is the constant elasticity of substitution function that nests linear and geometric aggregation 5 .
The following section clarifies how relevant are the choices underlying the process of building a composite index.
The theory in practice
We have computed several composite indexes for food security by using data provided by the FAO 6 . The dataset "FAO Food Security Indicators" is constructed by following the recommendation of experts gathered in the Committee on World Food Security Round Table on hunger measurement, hosted at FAO headquarters in September 2011.
The choice of indicators has been mostly informed by data availability with sufficient coverage to enable meaningful comparisons across regions and over the years. The quality and the coverage of available data, as well as the methods through which the relevant information is conveyed, are main constraints to be considered (2) . The database introduces a number of new indicators to fill some of the recognized gaps in food security information systems, most notably in the ability to capture the socioeconomic dimensions of food insecurity (25) . We have introduced this new information into our composite indexes for food security.
Variables have been subdivided in groups ( , where the a and b ranges from 0 to one, and −1 ≤ ρ ≤ ∞. 6 The database has been released on October 9, 2012, and revised on March 15, 2013. The authors are grateful to the ESS FAO Division for having provided the dataset. from observing past variability of outcomes and vulnerability to shocks. Within the first two groups, the indicators are further classified based on the dimensions of food insecurity on which they provide information, namely, availability, physical access, economic access (or affordability) and utilization. Our composite indexes reflect the above described theoretical framework.
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As discussed above, constructing a composite index requires several steps that can be listed as follows: defining the phenomenon, selecting the variables, filling missing data, homogenizing the information, weighting information and aggregating information. Nowadays, a vast majority of experts have reached a consensus on the definition of food security, and several authors have provided excellent descriptions (3, 6, 12, 38) . We have adopted the FAO guidelines in defining the phenomenon and selecting the variables (16) and have focused our quantitative analysis on comparing different alternatives for the last four steps.
Our first decision concerns how to deal with missing data. Missing data can be random or systematic: The former depends on the variable itself or on other variables of the dataset; the latter depends on the values themselves. Although there are different methods to handle missing data, there is no test to assess the nature of the lack. Common approaches to impute missing data consist of deleting records that contain missing data or imputing missing data by means of ad hoc statistics (e.g., mean, median or regression imputation) or algorithms (e.g., Markov Chain or Monte Carlo algorithm). None of the approaches are exempt by drawbacks; therefore, it is wise to carefully document the selected imputation procedures.
Moving a step forward, we needed to homogenize the information. Due to the heterogeneity of measurements units, each indicator has to be normalized prior to the data aggregation. A wide range of different normalization methods can be applied. The choice should take into account the data properties and the objectives of the index we are constructing (17, 24) . Normalization methods include, among others, ranking, standardization, min-max, distance to a reference observation, score function and balance of opinions (34) . All in all, normalization methods allow comparing indicators, bringing different measurement units onto the same dimension. Different methods imply different pros and cons. For instance, the ranking method is extremely simple, robust to outliers and allows comparison among observations, at the cost of losing information on levels. On the contrary, a complex method, such as balance of opinions, may be powerful in order to fill the lack of primary data by mean of experts' opinions, although it would be extremely difficult to replicate the analysis over time and space.
Lastly, the set of selected variables, treated for missing data and normalized, constitutes the ingredients of the composite indexes. The final step consisted of synthesizing the information into a few (or unique) indicators. Different weighting techniques may be chosen, none of which is exempt by a discretionary choice (40) . The most common weighting techniques are derived from statistical models (e.g., unobserved components models) or from participatory methods (e.g., budget allocation, analytic hierarchy processes and conjoint analysis). The choice has to be guided by the theoretical framework underlying the scorecard. For instance, equal weighting implies that indicators (or dimensions) have similar importance, whereas principal components analysis or factor analysis relies on data variability and variables correlation. is a conservative measure. On the contrary, geometric aggregations allow taking into account noncompensability between indicators or dimensions.
Paying attention or not paying attention: How relevant is each decision?
We adopted different methodologies at four "choice nodes":filling missing data, homogenizing the information, weighting information and aggregating information. We tested for two methods to deal with missing data (multiple and simple imputation), two methods to normalize data (z-score and distance from the lowest value 7 ), four approaches to weight subindexes (equal weighting, empirical rank correlation, inverse correlation and shrinkage estimation of correlation) and three alternatives to aggregate information (linear aggregation, simple geometric aggregation and CES aggregation 8 ).
The experiment lies in comparingchanges in rankings obtained by eight different composite indexes. The baseline scenario consists of the following "choices": multiple imputation, z-score, equal weighting and linear aggregation 9 ( Table 2) . Each indicator has been normalized to a 0-100 scalefor direct comparison with other indicators.
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We compared the methods in terms of average distance of rankings from the baseline scenario.
More precisely, we computed the square root of the difference (in absolute terms) of rankings of country i and country j under the two methods. The larger the distance induced by selecting an alternative different method, the larger the relevance of the choice and the more accurate the decision-making process should be (Table 3) . 7 The latter is adopted to compute theGlobal Food Security Index 2013. The formula is as follows: ‫ݖ‬ ൌ ௫ି୫୧୬ ሺ௫ሻ ୫ୟ୶ሺ௫ሻି୫୧୬ ሺ௫ሻ
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.
More information on the GFSI can be found at: http://foodsecurityindex.eiu.com/ 8 Geometric aggregation is intended to capture the hierarchical structure of the phenomenon. As Barrett (1) pointed out, "Availability, access, and utilization […] are inherently hierarchical, with availability necessary but not sufficient to ensure access, which is, in turn, necessary but not sufficient for effective utilization." The structure calls for further research on how to aggregate the subindex. An alternative, yet not empirically investigated, is to use a quasi-linear aggregation method or to use a Stone-Geary-type function. This is a promising research area. 9 It is worth noting that most of the proposed indexes (e.g., the Global Food Security Index proposed by the Intelligence Unit and the Global Hunger Index proposed by the IFPRI) are slight variants of our baseline scenario.
Results show that the choice of the methods to compute composite indexes has different relevance. The choice of the normalization and weighting methods are the least relevant; on the contrary, different alternatives for data imputation would lead to different results. Finally, choosing the aggregation formula is the most crucial decision: Diverse formulas provide different composite indexes.
Conclusive remarks
The debate on food security is rapidly growing, and it concerns a wide range of disciplines. Its multidisciplinary nature has motivated a tremendous number of researches aimed at measuring the contribution of different aspects of food security. A large variety of indicators have been proposed. However, measuring thephenomenon as a whole isperseimportant. Yet unclear is how analysts should weight the various aspects that contribute to rendering the population of a country food secure.
Our analysis aimed at understanding how relevant and discretional may be the analyst's choice of algorithms to compute composite indexes for food security. We have compared different methods to build composite indexes. As seen from Table3, different methods have different impacts on rankings. We show that normalization and weighting are (relatively) less crucial decisions, whereas special attention has to be paid in choosing the data imputation and aggregation methods.
When proposing new composite indexes, the UN, the international agencies or academics and researchers, must pay attention to emphasizing the algorithm implemented to transform raw data into a single index. They need to be aware of the implications that each method conveys. Without transparency on the steps followed to build the index, no judgment or comparison with existing indicators can be made. 
